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Abstract
We propose a new stochastic traffic flow model for highways (freeways), which is a hybrid between the classical 
cellular automata and the other microscopic traffic models, using continuous cellular automata. Therefore, we 
combine the computational efficiency of cellular automata models with the accuracy of the other microscopic models 
by introducing continuity in space. This continuity allows us to embed a multi-agent system based on fuzzy reasoning 
to simulate different driver-vehicle behaviours. The experimental results show that our model is able to reproduce the 
typical traffic flow phenomena with a variety of effects due to the heterogeneity within traffic stream. 
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1. Introduction
In recent decades, growing traffic congestion has become one of the most prior problems of the 
society. In populated areas the existing road networks are not able to satisfy the demand. The construction 
of new roads is usually not a solution and often not socially desired. These reasons together with the great 
economical costs lead to new traffic management and information systems where introducing new traffic
models gains importance. There is a wide range of alternative modelling approaches now available which 
can be roughly divided into three categories: macroscopic, mesoscopic and microscopic models 
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depending on the level of detail. Microscopic models are promising models for their ability to simulate 
detailed phenomena (each individual vehicle) in traffic which yields to an accurate representation of 
traffic flow, and macroscopic ideas can also be studied with microscopic models. On the other hand, these 
models have the disadvantage of being computationally demanding. Among microscopic traffic flow 
models, cellular automata (CA) models have the ability of being easily implemented for parallel 
computing because of their intrinsic synchronous behaviour. A cellular automaton is a collection of cells 
(sites) on a grid of specified shape (lattice) that evolves through a number of discrete time steps according 
to a set of local rules based on the states of neighbouring cells, for more details see Kari (2005). For 
simulating a complex behaviour in the CA models, it is used a set of simple rules specifying the evolution 
of the system, which are discrete in both space and time variables. The simplicity of these models makes
them computationally very efficient and can be used to simulate large road networks in real-time or even 
faster. CA models are capable of capturing micro-level dynamics and relating these to macro-level traffic 
flow behaviour. However, these models are lack of the accuracy of the other microscopic traffic models 
such as the car-following models (Brackstone and McDonald, 1999). A basic one-dimensional CA model 
for highway traffic flow was first introduced by Wolfram (R184), where he gave an extensive 
classification of CA models as mathematical models for self-organizing dynamic systems (Wolfram, 
1986). Nagel and Schreckenberg proposed the first nontrivial stochastic traffic model (the NaSch model) 
based on CA to simulate single-lane traffic with closed (periodic) boundary conditions, which is a variant 
of R184 (Nagel and Schreckenberg, 1992). In literature, there are many attempts in that direction and in 
all these models there is a common characteristic which is “the cells represent the space” as it is in the 
NaSch model, thus in the sequel we call these models as NaSch-type models (Knospe et al., 1999; Nagel
et al., 1998; Rickert et al., 1996; Wagner et al., 1997). For a survey of CA traffic models, we refer the 
reader to Maerivoet and De Moor (2005).
In this paper, we propose a new stochastic traffic model using continuous cellular automata (CCA), 
CA where the set of states is in general infinite. Defining a new class of CA traffic model, we get closer 
to the car-following models where we introduce some continuity without losing the computational 
advantages of CA models. Therefore, to define a CA traffic model where the space is a continuous 
variable, we abandon the idea “the space is discretely represented by cells” and we embrace a new 
philosophy where we assume that “cells represent vehicles”. This assumption also allows us embedding a 
multi-agent system based on fuzzy logic which is used to handle uncertainties in decision making on road 
traffic. In other words, we govern the dynamic of the system by using a set of fuzzy rules where all the 
parameters of the decision process of drivers are modelled individually by means of fuzzy subsets, thus 
various types of drivers can be taken into consideration, i.e., we can simulate different driver-vehicle
(seen as a single entity) behaviours which make the model more realistic. In this way we aim to study 
how the heterogeneity, the different composition of vehicles, influences the traffic macroscopically.
The CCA model proposed here is defined first for a single-lane road and then the model is extended to 
the multi-lane case where the extension is not as natural as it is in the NaSch-type models. We present the 
multi-lane model as a union of interacting single-lane CCA where the interaction is given by a transfer 
operation, and then we introduce the lane-changing rules considering the precedence requirement in 
European roads. Finally, we implement our model using Python with an object-oriented philosophy of 
programming. We simulate a piece of highway near an off-toll plaza with the purpose of running a series 
of experiments to give a first test to the model. The experimental results obtained seem promising. 
Analyzing these results, we focus on the effect of the heterogeneity on the macroscopic behaviour of the 
traffic in order to study the typical traffic flow phenomena which are seen to be reproduced by the model.
Note that throughout this paper, abbreviation CCA refers to both continuous cellular automata (plural) 
and continuous cellular automaton (singular).
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2. The single-lane model
Our open boundary CCA model of a single-lane traffic flow is a time-discrete, space continuous CA 
model where each non-empty cell corresponds to one vehicle. With this approach we are able to introduce 
for the first time the continuity of space for a CA traffic model by using a CCA. In this context, our model 
is more close to the usual microscopic traffic flow models which adopt a semi-continuous space, formed 
by the usage of floating-point numbers compared to the classical CA traffic models where the space is 
coarse-grained. In this way, we are able to take the advantages of both the usual microscopic traffic 
models and the CA traffic models. Using a fuzzy logic-based system, we group the vehicles into types 
(kinds) where they share common characteristics. The proposed model is described as following (note 
that for the sake of simplicity, we fix the unit of time as 1 second): Consider the one dimensional CCA,
( , , , )SL N G 6' where the lattice is the set of integers, the (infinite) set of cell states 
^ ` ^ ` ^ `( ,0, ,0, )0 0K L R L R
 6  u u u u u  A\ \ \
where a cell in the state A represents a cell without a vehicle. The generic i-th non-empty cell is in the
state
'( ) ( , ( ), ( ), ( ), ( ), ( ))i i i i i i it k x t v t s t d t d tV  
where the first component ki represents the kind consisting of all the information specified differently for 
each kind of vehicle, such as: the maximum velocity vmax, the optimal velocity vopt (the velocity which 
each kind of vehicle feels comfortable in traffic), the length li, the fuzzy membership functions, the 
maximum stress smax, the minimum stress smin, the probability functions of lane-changing to the right lane
PR(x) and to the left lane PL(x). The variable xi(t) is the position, defined as the distance from the origin of 
the road to the middle point of this vehicle, vi(t) is the velocity, and si(t) is the stress, a variable to keep 
track of how much the driver is above or below of his optimal velocity. In the single-lane model, this 
variable is introduced to implement a more realistic driver behaviour since drivers usually tend to 
decelerate when they are moving with a velocity higher than their optimal velocity. di(t) is the variable 
describing the desire for: lane-changing to the left “L”, to the right “R” and staying on his own-lane “0”. 
di
’(t) is an auxiliary variable used to avoid multiple lane-changing, showing from which lane the i-th 
vehicle is transferred: from the left lane “L”, from the right lane “R” and not transferred “0”. For the 
purpose of the single-lane CCA model, it is clear that there is no usage of the variables di(t) and di
’(t).
Furthermore, the main usage si(t) is related to the lane-changing process described in Sect. 3. However,
the evaluations of these variables are done in the single-lane part.
N is a kind of one-dimensional extended Moore neighbourhood defined by ( ) ( 1, , 1, 2)N i i i i i    ,
and 4:G 6 o 6 is the local transition function (local rule) acting upon a cell and its neighbourhood such 
that the cell's state changes with the system's iterations, thus the CCA evolves in time and space as the 
local rule is subsequently applied to all the cells in parallel. The local rule is defined component wise by
1 1 2( ( ), ( ), ( ), ( )) ( , ( 1), ( 1), ( 1), ( 1),0)i i i i i i i i it t t t k x t v t s t d tG V V V V       
We describe si(t+1) and di(t+1) in Sect. 3. The space and the velocity are updated as following:
( 1) ( ) ( 1)i i ix t x t v t   
max( 1) min( , ( ),max(0, ( ) ( )))i i i iv t v x t v t A t
  ' 
where Ai(t) is the acceleration calculated by using the fuzzy decision modules and ¨xi+(t) is the distance
with the front vehicle (from from front bumper to rear bumper) which we call as front distance (FD). This 
distance constraint in the choice of the updated velocity is introduced to make the model collision-free as 
in the NaSch model. However, since it is unrealistic, it is applied in our model only in the borderline 
situations where extreme decelerations are involved. Indeed, we try to avoid this constraint as much as 
possible by introducing more fuzzy rules which makes the system more reactive to reduce these extreme 
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situations. Note that in the sequel of this section, we omit the dependency of i and t to avoid cumbersome 
notation. For each vehicle, its acceleration A is depending on the followings: the kind k, the velocity v, the 
back distance (BD-the distance with the back vehicle), FD, the next front distance (NFD-the distance with 
the next front vehicle, which is introduced to have a better perception of the driver behaviour of the next 
front vehicle since in reality drivers observe not only the vehicle in front of them but also the vehicles 
ahead), the perceived front collision time (PFCT-the perceived time of collision with the front vehicle, 
this parameter is a combination of the real front collision time and an auxiliary time defined to keep the 
velocity close to the optimal velocity by using a parameter depending on the stress variable), the worst 
front collision time (WFCT-the collision time with the assumption where the front vehicle has zero 
velocity, it is introduced for safety reasons in the case where the front vehicle suddenly stops), the next 
front collision time (NFCT-the collision time with the next front vehicle, it is clear that a vehicle never 
reaches to its next front vehicle, but this is introduced to anticipate the braking manoeuvre of next front 
vehicle), and the back collision time (BCT-the collision time of the back vehicle, it is introduced to use in 
the case where the back vehicle forces the front one to accelerate. We call this situation as pushing effect).
The approach of embedding fuzzy logic while dealing with a system described by continuous variables 
is already introduced, indeed, there are several works based on fuzzy logic systems in car-following 
models, see for instance, Brackstone and McDonald (1999). Using two fuzzy sets of rules, the 
environmental information, i.e., the input (v, FD, NFD, PFCT, WFCT, NFCT, BCT) is transformed into 
the decision for the next time step action for each vehicle depending on the kind. These rules are formed 
based on some common sense of driver behaviours including some experiences and trials. Although the 
rules are the same for each kind of vehicle, they have different “weights” depending on the definition of 
the membership functions of different kinds. We give more importance to the first set of rules since they 
are based on the information related to the front and the back vehicles, while for the second set of rules it
is the next front vehicle that is considered and these rules are introduced only for the emergency cases 
such as a sudden breakdown or deceleration of the next front vehicle. The reason of splitting the fuzzy set 
of rules into two parts is that, without this consideration, the vehicles tend to slow down more frequently
in the simulations. As a consequence of having two different fuzzy sets of rules given in Table 1 and in 
Table 2, we obtain two fuzzy outputs A1 and A2, respectively, which are used to evaluate the final decision 
of the acceleration A by the function F as following:
1 2
1 2 1
1 2 1 22
1
min( , ) 0,
( , ) 0 0.25,
.
A A
A A if A
F A A if A A
A otherwise

d­
°° !  d ®
°
°¯
(1)
The linguistic terms used for the acceleration outputs are: PB (Positive Big), PM (Positive Medium), 
PS (Positive Small), Z (Zero), NS (Negative Small), NM (Negative Medium), and NB (Negative Big). 
Table 1. The first fuzzy set of rules
Front Distance (FD) Velocity (v)
BIG MEDIUM SMALL VERY SMALL SMALL
PFCT
BIG
(v not small)
PM
(v not small)
PS
ZERO ZERO
PB
(jam situation)
MEDIUM ZERO ZERO NS NS -
SMALL NM NM NM NM -
VERY SMALL NB NB NB NB -
WCT SMALL - NS NM NM -
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Table 2. The second set of rules
Next Front Distance (NFD)
BIG MEDIUM SMALL VERY SMALL
NFCT
BIG - - - NS
MEDIUM - - - NS
SMALL NS NS NM NM
VERY SMALL NM NM NB NB
While stating the first fuzzy set of rules, we separate the ones related to the back vehicle. Therefore, in 
the case BCT is VERY SMALL and BD is VERY SMALL (pushing effect), we apply the following rule: 
(IF PFCT is BIG AND FD is BIG) OR (IF PFCT is BIG AND FD is MEDIUM) OR (IF PFCT is 
MEDIUM AND FD is BIG) OR (IF PFCT is MEDIUM AND FD is MEDIUM) THEN the acceleration 
output is PS. After the fuzzy system receives all the inputs from the environment, we determine the 
degree of membership of each input. The weights of all the rules are evaluated according to the fuzzy 
logic AND operation by simply taking the minimum of the membership degrees of all fuzzy inputs. In 
this way, we associate the weights representing the degree of fulfilment to each rule. After collecting all 
these weights, we need to combine them to get one single output for each set of rules, i.e., we need to 
evaluate A1 and A2 to obtain the acceleration decision calculated by the function F defined in (1). For this 
purpose, we use a method which is a generalized weighted average formula where the membership 
functions are not symmetric and do not have a plateau.
3. The multi-lane model
In this section, we extend our model to design a stochastic traffic model for a multi-lane road. In the 
process of the extension, we present the multi-lane model as a union of communicating single-lane CCA
where the transfers of the vehicles from one lane to another are done by some transfer operators. This 
communication includes only the safety criteria where a vehicle desiring to change its lane asks to the 
target lane if it is possible to perform a safe (collision-free) lane-changing. Before we describe the multi-
lane model, we first give a brief description of how this lane-changing process works.
Lane-changing is performed only if a vehicle desires to change lane. The desire for lane-changing di(t)
depends on the stress parameter si(t) resulting with a tendency of changing lane to the right if the stress is 
positive and to the left otherwise. Note that we allow this parameter to assume values only in the interval 
[smin, smax]. The stress is an accumulative quantity, for this reason we define the accumulated stress as the
sum of the previous stress and a quantity showing how much the vehicle is above or below its optimal 
velocity. For the update of the stress, we decrease or increase the accumulated stress according to some 
situations: it is decreased by a factor of 2 to avoid frequent lane-changing in the case there is a traffic jam 
and the queue is moving (sense of satisfaction as a result of seeing the traffic begins to flow); it is 
increased by a factor of 1+ĭ to make the vehicle change the lane instead of braking if the front vehicle is 
close and tends to brake (ĭ [0,1] represents the degree of this situation). In other cases the updated 
stress si(t+1) is assumed to be the accumulated stress.
The update of the desire of lane-changing is carried out by means of a Bernoulli process B(2,p) where 
the probabilities of lane-changing to the left and right are calculated by applying the functions PL(x) and 
PR(x), respectively, to the stress. Thus, if the stress is positive we apply B(2,PR(x)), otherwise we apply 
B(2,PL(x)). In the case the stress is negative, we consider also the jam situation while making the decision.
More specifically, if a driver is in a jam situation, applying B(2,PL(x)) results with a tendency of moving
to the left lane for this driver. However in reality, drivers tend to find an emptier lane in a jam situation. 
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For this reason, we apply a Bernoulli process B(2,0.7) where the probability of moving to the left is 0.7 
and to the right otherwise, if the vehicle is on a middle lane. It is clear that in the case there exists no lane 
on the left (right), the driver can only move to the right (left) lane. We consider these different 
probabilities since the drivers desiring to go faster usually tend to move to the left lane more than the right 
lane. The other situations taken into account are: a sense of satisfaction after performing a lane-changing 
and reducing the ping-pong phenomenon which are both achieved by decreasing the stress a factor of 5.
This reduction is decided according to some empirical observations in the simulations. The ping-pong 
effect occurs only in jam situations, since the vehicles try to find a relatively better lane. Note that there is 
just a local knowledge while trying to change the lane, and the gain parametrized by the stress cannot be 
known for the whole target lane so the best strategy of finding a better lane is to try randomly. 
Another consideration while performing a lane-changing is “following the safety rules”. The safety 
criteria to perform a transfer process check first the possibility by considering the situations on the target 
lane. These criteria guarantee that after the lane-changing there will be no danger (avoidance of collision) 
with the vehicles on the target lane. Moreover, we assume that the precedence for the lane-changing is 
given to the vehicles moving from left to right. In other words, if there are two vehicles that desire to 
occupy the same place at the same time during the lane-changing process, we perform the lane-changing 
for the one on the left. This precedence is decided with the idea of leaving the left-most lane free as much 
as possible. In this case we also follow the European highway rules where the left-most lane is the fastest 
and the right-most lane is the slowest lane.
We now describe our multi-lane model with the transferring process. Suppose that we want to simulate 
n number of lanes. The idea is to consider a collection of single-lane CCA, SL1, . . . ,SLn where we identify 
SL1 as the left-most lane and SLn as the right-most lane. A transfer of a vehicle from a lane i to an adjacent 
one, let us say i+1, is done by changing the configurations of both SLi and SLi+1 which is achieved as 
following. We first shift the states of SLi+1 of one step starting from the position where we want to insert 
the transferring vehicle, and we copy the new state of this vehicle into the empty cell that we have 
created. In this way, we have copied this vehicle into the i+1-th lane. Next, we erase the state of this 
vehicle in SLi which has already been copied into SLi+1. Thus, to sum up, we first make all the transfers of 
the vehicles that have the desire (diW and those which are able to process lane-changing (satisfying 
the safety criteria and avoiding multiple transfers, di
’(t) = 0) between SL1, . . . ,SLn. Since we consider the 
European lane-changing precedence, the transfers are done starting from the left-most lane. After 
performing all the transfers between lanes, we then apply one step evolution of the single lane model for 
each SLi. It is possible to prove that this process of the multi-lane model can be simulated by a suitable 
CCA (Yeldan, 2012), however, the presentation of such CCA is beyond the scope of this paper.
4. Simulation and Results
The preliminary tests have been performed using Python where we have simulated a piece of highway 
with the purpose of studying the general behaviour of the model. Note that in our model we have 
simulated just the vehicles, not the physical environment, i.e., we have considered just the number of cells 
that are the number of vehicles, not the length of the road. This gives us the advantage of having a real-
time simulation which does not depend on the length of the road. 
We now describe how the experimental work has been conducted. In all our simulations, we have set 
up two kinds of vehicles: passenger vehicles and long vehicles, which have the following parameters:
x Passenger vehicles: vmax = 36 m/s, vopt = 28 m/s, l = 4 m, smax = 500 m, smin = -450 m, PR(x) = x,
and PL(x) = x.
x Long vehicles: vmax = 25 m/s, vopt = 20 m/s, l = 9 m, smax = 300 m, smin = -700 m, PR(x) = x, and 
PL(x) = x
1.25.
Regarding the fuzzy membership functions, we have collected the corresponding data according to a
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questionnaire posed to a group of drivers. We have then interpolated these data linearly to tune up the 
membership functions. However, in the simulations, we have not used these membership functions based 
Fig. 1. The membership functions of the passenger vehicles for the front distance
on the data. Instead, we have approximated these membership functions with the triangular and 
trapezoidal ones which are more common and simpler from the computational point of view. Also 
because we have noticed that this kind of approximation does not change the results of the simulation
considerably. In Fig. 1, it is seen an example of the membership functions of passenger vehicles adjusted 
according to the data collected and the approximation, respectively.
In our experiments, we have simulated a piece of highway of length L with M number of lanes near an 
off-toll plaza. The ordered parameters used in the simulations are: 
x Length of the road L
x Number of lane M
x Number of iterations (the simulation time)
x Number of repetitions of the same experiment
x (PLVVLRQUDWHȜWKHDYHUDJHQXPEHURIYHKLFOHVHQWHULQJWKLVSLHFHRIKLJKZD\
x Influence radius ȡ of the off-toll plaza, note that ȡ = -1 means that there is an open road tolling
x Obstacle: if this parameter is set to -1, an obstacle is placed on the left-most lane; if it is set to 
+1, an obstacle placed on the right-most lane; if it is missing, then there is no obstacle
We model the entrance of the each lane using a Poisson stochastic process. The probability of emitting 
at least one vehicle in a lane in the time interval [0,t] is calculated by a Poisson distribution /1 t Me O . If 
the random test succeeds, i.e., the result is “emit a vehicle”, then we randomly choose a kind of vehicle 
where the choice is a passenger vehicle with the probability of 1-p and a long vehicle with the probability
of p, and in the experiments we have considered p = 0%, 10%, 20% and 30%. The emission rate is set to 
Ȝ0 IRUHDFK ODQHZKHUHZHKDYHFRQVLGHUHGȜ DQG2 veh/s. For instance, if Ȝ 
veh/s and M=3, the average number of vehicles entering the piece of highway is 90 veh/min which means 
that each lane at the beginning of this road is charged of around 30 veh/min corresponding to a situation 
of heavy traffic. Regarding the off-toll plaza, we introduce a parameter called influence radius which is 
the interval of the road segment in which the vehicles are captured to be stored when they are exiting.
This parameter is used to control the processing time of each vehicle which influences the throughput (the 
number of vehicles processed in every 10 seconds). The influence radii considered are ȡ = 10, 25, 50 m
and “-1” which is corresponding to the case where the off-toll plaza is not visible to the vehicles, thus 
they pass through it without stopping. This situation corresponds to the case of an open road tolling 
payment system where the vehicles do not need to slow down and stop to make payment. Every 10 
seconds the simulator checks the number of vehicles stored (processed) and it calculates the average 
latency, i.e., the average of the time spent to travel from the entrance to the exit. We have also placed an 
obstacle in some experiments either on the left- or the right-most lane to analyze a bottleneck 
phenomenon with a dimension of 2L/5 in the middle of the piece of highway. Each experiment has 1000 
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iterations and 100 repetitions takes around 6.6 hours using one core of a computer equipped with a 16
core Xeon at 2.7GHz (X5550) with 16GB of RAM running Debian Linux (kernel 2.6.32). We now 
describe the evaluation of the macroscopic parameters considered in the experiments.
The density describing the number of vehicles per unit length of the piece of highway (measured in 
vehicles per meter) at time t is calculated by ( ) ( ) /D t N t L where N(t) is the total number of vehicles at 
time t and L is the length of the road representing a piece of highway near the off-toll plaza, which is 5
km long. In our model the number of vehicles is not constant since the entering rate of the vehicles 
(depending on a Poisson stochastic process) is different from the exiting one, so we obtain different 
densities. Note that in our experiments, the density can reach at 0.25 veh/m/lane as maximum since the 
length of a passenger vehicle is assumed to be 4 m long. The average velocity, i.e., the averaged sum of 
the velocities at time t is calculated by
( )
1( )
( )
N t
ii
av
v
v t
N t
  
¦
Finally, the flow is defined by ( ) ( ) ( )avq t D t v t  measured in vehicles per second. The analysis of traffic 
flow is typically performed by constructing the fundamental diagram that determines the traffic state of a 
roadway by showing the relation between flow and density. The equations described above show the 
computation of the variables at a particular time and they are used to plot the fundamental diagrams.
In all the experiments carried out, we have noticed that the heterogeneity is an important factor in 
influencing the flow. For instance, in the fundamental diagram in Fig. 2, it is seen that adding even a 
small amount of long vehicles to the traffic stream changes the diagram significantly. Different 
composition of vehicles in traffic stream formed by changing the percentage of the long vehicles effects 
also the throughput as it is predictable, because of the fact that long vehicles are slower and so in the 
queue near the off-toll plaza it takes more time to move and get processed. For instance, the average 
throughput (the sum of all throughputs divided by the number of the time segments of 10 s) without long 
vehicles is 6.6 veh/10 s which becomes 5.7 when the percentage of long vehicles is 20%, see Fig.2.
The experiments also show that the model reproduces the typical traffic flow phenomena such as the 
three phases of traffic flow: free flow, synchronized flow and wide-moving jam (Kerner and Rehborn,
1997). Free flow corresponds to the region of low to medium density and weak interaction between 
vehicles, and is characterized with a strong correlation and quasi-linear relation between the local flow 
and the local density (Neubert et al., 1999). The synchronized flow presents medium and high density 
while the flow can behave free or jammed. In other words, it is defined by the interaction between the 
vehicles and is characterized by an uncorrelated flow-density diagram forming a plateau. However, this 
phase is not clearly understood in the context of CA and not observed in most of the NaSch-type models. 
The wide-moving jam phase represents the situation where the traffic is jammed. In this phase, an 
increase in density results with a decrease in flow.
The plateau formation has the dependency also on the throughput as it is seen in Fig. 3, where we have 
compared the fundamental diagrams for different average throughputs (12, 11.6, 6.6, 4 veh/10 s from up 
to down). If we increase the average throughput, there occurs a more immediate passage from the 
synchronized flow phase to the wide-moving jam phase. In other words, this phase-change occurs with a 
higher density with the decrease of average throughput. We have also seen that with the presence of more 
long vehicles the phase-change occurs with a higher density, shown with arrow in Fig. 2.
Another phenomenon that we have observed is the metastability in transitions between the free flow 
and the synchronized flow phases (Kerner and Rehborn, 1997), and between the synchronized flow and 
the wide-moving jam phases. The regions where there are saddles followed by a capacity drop are the
regions of metastability in the phase-changes. These metastable states are also observed using the real-
time visualizator where we consider an initial state of 200 vehicles in a free flow phase with velocity of 
30 m/s and distance between passenger vehicles of 30 m. Applying a small perturbation to the leading car 
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creates a back propagation wave that brings the system in a new state which is more stable. This 
phenomenon occurs more clearly in this example since it is an extreme situation where the system tends 
to react very severely. Indeed, in this situation the rules applied are the ones used by the NaSch model to 
avoid collision, however, in general the system reacts more smoothly and this phenomenon is not so 
emphasized. This fact is also visible in the phase-changes of the fundamental diagrams where the saddles 
are curved. Besides, the metastability phenomenon is not so evident when there are long vehicles. More 
precisely, the heterogeneity of traffic effects the formation of the plateaus. As it is seen in Fig. 2, in the 
case of the presence of long vehicles, the bumpy plateaus in the synchronized flow phase are replaced by 
more flattened plateaus, so the saddles in the phase-changes are not observed as they are in the absence of 
long vehicles. This is probably due to the fact that passenger vehicles are fast and so the flow of traffic 
without long vehicles changes its phase more sharply. However, in the simulations we observe that the 
presence of obstacles increases the number of the saddles even when there are long vehicles, making the 
fundamental diagram bumpier especially in the synchronized flow phase.
Fig. 2. The fundamental diagram with various percentages of long vehicles where L=5 km, M Ȝ YHKVȡ P
(this influence radius is corresponding to the average throughputs of 6.6, 6.0, 5.7, 5.4 veh/10 s where the percentages 
of long vehicles range from 0% to 30 %, respectively).
Fig. 3. The fundamental diagram depending on the different average throughputs where L=5 km, M=3, Ȝ YHKV
and the percentage of long vehicles is 0%.
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5. Conclusion
In this paper, we have introduced a new stochastic traffic flow model for highways and freeways based on 
CCA considering for the first time a CA traffic model where the space is continuous. Our model is closer 
to a car-following model with the advantage of being still in the class of CA models, which is promising 
in terms of efficiency from the computational point of view. For analyzing the general behaviour of our 
model, we have implemented the model using Python and we have run a series of experiments where we 
have seen that the different composition of vehicles influences the traffic flow significantly. The 
experiments have also shown that the model is able to reproduce the typical traffic flow phenomena such 
as the transitions between the flow phases, the metastable states and the back propagation wave effect. 
We consider the fact that the code written in Python does not take the advantage of CA and its typical 
synchronous behaviour. For this reason, it would be interesting to adapt the code to run on GPU's to see if 
it is possible to boost the speed of the simulation. In this model, the fuzzy rules determined are quite 
fundamental and based on common sense of drivers. For instance, it is reasonable in a collision-free 
model that if there is a very small gap with the front car and the collision time is also very small then the 
vehicle should brake. On the other hand, the calibration methodology to determine the parameter values
in the simulations, i.e., the way a driver perceives the time, velocity and distance is based on the results of 
a questionnaire. Analyzing these results we extract the general driver behaviours on highways, such as the 
pushing effect justified as a natural response to the sense of anxiety felt by some drivers (Yeldan, 2012).
However, the tuning of the parameters, such as membership functions or probability of changing lanes,
using different statistical methods is an interesting challenge which deserves a deeper analysis.
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